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Abstract: Urban fire occurs within the built environment, usually involving casualties and economic
losses, and affects individuals and socioeconomic activities in the surrounding neighborhoods.
A good understanding of the spatiotemporal dynamics of fire incidents can offer insights into
potential determinants of various fire events, therefore enabling better fire risk estimation which
can assist with future allocation of prevention resources and strategic planning of mitigation
programs. Using a twelve-year (2002–2013) dataset containing the urban fire events in Nanjing, China,
this research explores the spatiotemporal dynamics of urban fires using a range of exploratory spatial
data analysis (ESDA) approaches. Of particular interest here are the fire incidents involving residential
properties and local facilities due to their relatively higher occurrence frequencies. The results indicate
that the overall amount of urban fires has greatly increased in the last decade and the spatiotemporal
distribution of fire events varies among different incident types. The identified spatiotemporal
patterns of urban fires in Nanjing can be linked to the urban development strategies and how they
have been reflected in reality in recent years.
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1. Introduction
Fire, either caused by humans or nature, can pose a hazard to people, properties and the
environment, possibly resulting in psychological damage, physical injuries, death and significant
economic losses. For example, there were a total of about 212,500 fires during 2013–2014 in the UK,
involving 322 deaths and more than 9700 non-fatal casualties [1]. According to the National Fire
Protection Association of the US, there were 3240 deaths, 15,925 injuries and $11.5 billion economic
costs of property damage caused by about 1.24 million fires in 2013 [2]. Urban fire is both a physical
and a social process [3], in the sense that it occurs within the built environment and affects individuals
and socioeconomic activities in the surrounding neighborhood or communities, usually involving
both individual casualties and economic losses. For instance, in 2015, the massive explosion in Tianjin,
China, left more than 170 dead, 700 people injured, thousands homeless, 7 communities (involving
more than 10,000 households) destroyed and $1.044 billion direct economic losses, alongside high
levels of environment pollution caused by dangerous chemicals [4]. Given the continuing global trend
of urbanization, urban fire safety has been a worldwide concern and presents great challenges to the
success of sustainable urban development [5]. Fire and rescue services are therefore critical to the
protection of lives and properties. In order to improve the efficiency and effectiveness of fire safety
management, it is essential to understand well the spatiotemporal dynamics of fire incidents, which
can offer insights into potential determinants of fire events, enabling better fire risk estimation that can
assist with future allocation of prevention resources and strategic planning of mitigation programs.
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As fires occur in geographic space, geographical information system (GIS)-based spatial analysis
is well suited for the needs of fire and rescue services, which has been widely applied in urban
fire analysis due to the increasing availability of high-resolution spatiotemporal data in recent
years. For example, spatial distribution of fire events can be visualized by desktop mapping in
a straightforward manner [6]. Also, spatial/temporal/spatiotemporal patterns of fire events can be
explored by a range of spatial analytical techniques. For instance, continuous surfaces generated by
kernel density estimation (KDE) can reflect the spatial variations in fire risks [7]. The comap developed
by Brunsdon [8] has been used to explore the spatiotemporal patterns of fire events [9–11]. Further,
of more interest is often the relationship between the occurrence of urban fires and the associated
driving factors. For example, it was found that socioeconomic variables such as population density,
building conditions and household level generally have more influence on urban fires compared to the
physical environment [3,6,7,12]. Corcoran et al. [12] examined the impact of calendar events (e.g., public
and school holidays and major sports events) and found that fire incidents would significantly increase
during school holidays. Guldåker and Hallin [13] found that living conditions and socioeconomic
stress can greatly affect the spatiotemporal patterns of intentional fires. So far, most of the existing work
on urban fires, however, has focused on the cases in developed countries, such as the UK [7,9,11,12],
Canada [10], Australia [11] and Sweden [13]. Few studies have been carried out in developing countries
and regions.
The aim of this paper is to explore the spatiotemporal dynamics of urban fires in Nanjing, China,
over the twelve years during 2002–2013. The average number of fires per ten thousand people in China
has increased from 36.1 in 1980s to 62.2 in 1990s and 148.7 since 2000 [14]. Particularly, recent years
have witnessed a number of large-scale urban fires, such as the high-rise fire in Shanghai in 2010 that
caused 58 deaths and 71 injuries [15] and the Tianjin explosions mentioned above, which has presented
significant stress on communities, governance, operations and policy. The rapid increase in urban fires
has been considered closely related to the massive urban construction and urban population growth
during the unprecedented urbanization in the last few decades [14]. The built-up areas of Chinese
metropolises have expanded by almost 60% since 2000, and currently more than 50% of the population
are living in cities [16]. Chinese cities are challenged by new and increased fire risks especially at
locations such as high-rise buildings, underground transport, shanty towns and large warehouses.
To this end, this research attempts, using Nanjing as a case study city, to understand the characteristics
of urban fires during its urban development and expansion over the last decade.
The remainder of the paper is structured as follows: The next section introduces the
research methods, including the study area, the data and the spatial analysis approaches.
Then, the spatiotemporal patterns of fire incidents in Nanjing, China, are presented. The paper
concludes with discussion of major findings and their association with the urban development
strategies and reality in recent years, as well as the implications for future urban fire safety management
and planning.
2. Methods
2.1. Data and Study Area
The study area is located in the south of Yangtze River within Nanjing, China, covering seven
districts of the city: Xuanwu, Qinhuai, Jianye, Gulou, Yuhuatai, Qixia (about 40% of entire area) and
Jiangning (about 15% of entire area) that are bounded by the expressway ring road in the city, which is
considered the main urban area of the city (the first four also known as the city core) and includes
fifty-three Jiedao—the smallest statistical geography in Chinese Census. Figure 1 shows the study area,
alongside the location of Nanjing in China and the location of the study area in Nanjing. The total
area is about 598.1 km2 (about 9.1% of total area of Nanjing), occupied by a population (permanent
residents hereafter, unless stated otherwise) of 5.06 million (2010) (about 54.4% of total population
of Nanjing) [17]. Nanjing is the capital of Jiangsu Province with an approximate 2500-year history.
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Located in the Yangtze River Delta region and about 300 km northwest of Shanghai, Nanjing nowadays
is an important center of education, commerce, transportation and tourism in East China.
ISPRS Int. J. Geo‐Inf. 2018, 7, 7    3 of 14 
 
history. Located in the Yangtze River Delta region and about 300 km northwest of Shanghai, Nanjing 
nowadays is an important center of education, commerce, transportation and tourism in East China.   
 
Figure 1. Fire incident rates in Nanjing by Jiedao (2002–2013). 
Like many other Chinese cities, Nanjing has experienced rapid urbanization  in  the  last  three 
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product (GDP) of Nanjing in 2013 was $121.4 billion, increased by 357.8% compared to that of 2001 
[19]. An  important  outcome  of  fast  urban  expansion  is  the  rapid  increase  in  urban  population. 
According to the sixth Population Census of China, the population in Nanjing has increased about 
28.3% during 2000–2010 [17]. Figure 2 shows the population information of the seven urban districts 
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Fig re 1. Fire i ci e t rates i a ji g by Jie ao (2002–2013).
Like many other Chinese cities, Nanjing has experienced rapid urbanization in the last three
decades with the primary goal of promoting economic growth. In 2013, the urban land area was
about 1833.6 km2, with an increase of 58.1% compared to that of 2001 [18]. Meanwhile, the gross
domestic product (GDP) of Nanjing in 2013 was $121.4 billion, increased by 357.8% compared to that
of 2001 [19]. An important outcome of fast urban expansion is the rapid increase in urban population.
According to the sixth Population Census of China, the population in Nanjing has increased about
28.3% during 2000–2010 [17]. Figure 2 shows the population information of the seven urban districts
for years 2005–2013 [19] (the information on permanent residents for each urban district is only
available from 2005 onwards). The population density at the city core has been consistently higher
than those in the other three districts, where Gulou and Qinhuai are ranked top in both population
and its density. Both Jiangning and Qixia have seen an obvious population growth in 2010 but
their population densities have been lower than those of other districts, possibly due to the large
area they occupy. The overall population growth has led to comprehensive urban transformation
reshaping both urban landscapes and socioeconomic activities. For example, in order to connect
the city core, new urban districts and suburban areas, seven subway lines with a total length about
258 km have been planned and built in Nanjing since 2000, and Line 1 entered into operation in
2005 (http://www.njmetro.com.cn). The changes in the built environment as well as the increased
population have brought new characteristics to urban fire risks, raising new concerns and challenges
to the fire and rescue services such as high-rise firefighting.
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The data used  in  this  research were provided by  the Fire Department of Ministry of Public 
Security  (FDMPS), Nanjing, containing  twelve‐year  (2002–2013) urban  fire  incidents  for  the seven 
districts in central Nanjing. In order to make the fire incidents comparable over space and time, we 
excluded the major events attended by more than 40 firemen, and a total of 28,383 urban fires are 
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Figure 2. Pop l ti i f r ation for years 2005–2013: (a) population of permanent re idents;
(b) population density.
The data used in this research were provided by the Fire Department of Ministry of Public Security
(FDMPS), Nanjing, containing twelve-year (2002–2013) urban fire incidents for the seven districts in
central Nanjing. In order to make the fire incidents comparable over space and time, we excluded the
major events attended by more than 40 firemen, and a total of 28,383 urban fires are included in the
analysis. The information attached to each fire incident includes its type (such as dwelling fires, vehicle
fires or false alarm, etc.) and geographic location recorded by longitude and latitude. Using the 2010
Census data, the population-based fire risks are calculated as the total number of fires per 1000 people
for each Jiedao within the study area. The results are shown in Figure 1 using the quintile classification.
It can be seen that the higher incident rates are largely located in the city core (mainly covering Gulou,
Xuanwu and Qinhuai) and the west of Qixia. It is not surprising because those areas have relatively
higher densities of population (see Figure 2) and socioeconomic activities than the rest of the city [19].
The incidents have be n clas ified into te c : ehicles (VH), non-residential buildings
(NRB) (e.g., restaurants and hotels), in ), r tail stores (RS), refuse (RF), dwellings (DW),
grassland (GL), facil t es (FL) (e.g., transf i -tension power lines), false larm (FA) and
others (OT) (e.g., construction sites). r rti s of each type of fire are as follows: 10.3% (VH),
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2.8% (NRB), 2.1% (IN), 2.8% (RS), 13.8% (RF), 34.1% (DW), 10.2% (GL), 15.5% (FL), 4.1% (FA) and 4.4%
(OT). During 2002–2013, dwelling fires and fires involving facilities together amount to almost half of
the total incidents. The following descriptions and analyses will particularly focus on those two types
of fires as they have a significant impact on human life and daily activities.
2.2. Spatial Analyses
This research employs a variety of spatial, temporal and spatiotemporal analytical techniques,
including both basic descriptive statistics and more advanced exploratory spatial data analysis (ESDA)
approaches. First, spatial distribution of fire events is explored by spatial clustering analysis. Further,
temporal patterns of fires are examined using circular statistics. Finally, spatial-temporal variations of
fire incidents are investigated by space-time scan statistics (STSS) [20].
In this research, spatial clustering analysis is used to identify the places with significantly
high concentrations of fire events, which is implemented on point and lattice data, respectively.
First, using the point data representing discrete fire events, continuous surfaces of fire densities are
generated by spatial KDE [21]—a spatial smoothing technique, through which the spatial variations
of fire distribution can be observed. A key parameter for KDE is the bandwidth, which controls the
smoothness of the generated density surfaces. Although many techniques have been developed to
seek the optimum bandwidth, Corcoran et al. [7] argued that “trial and error” is usually a simple yet
effective method which is employed in this research. Also, a single bandwidth is chosen here to ensure
the comparability between different types of fire. As a result, a bandwidth of 1.0 km was selected in
order to achieve a good visual representation of the fire distribution geographically.
Further, since the areas of the Jeidao are quite large (for example, there are a total of 53 Jiedao within
the study area and the largest one covers an area of 80.2 km2), the study area is discretized using a set of
regular grid cells (1.0 km× 1.0 km, in total 587 cells) as the basis for areal data analysis, which ensures the
identifiability of potential incident clusters while avoiding too many zero-event grid cells. Based on the total
fire events within each grid cell, the local clusters of high relative DW or FL fire risks are identified using
the Getis-Ord G* statistic, a common spatial modelling technique for hot spot analysis [22]. Specifically,
each grid cell has an associated attribute defined as the proportion of a particular type of fire to all the fires
within that grid cell, which is involved in the calculation of the Getis-Ord G*.
The temporal variations of fire events are examined using rose diagrams on a daily, weekly and
monthly basis, respectively. Rose diagrams are graphic tools originally designed to describe wind
speed and direction, but also have been adapted for describing the temporal distribution of fire events,
such as the work by Corcoran et al. [9] and Asgary et al. [10]. Specifically, two associated attributes are
considered: one is the proportion of fire incidents to the overall amount of the same type of fire, and the
other is the proportion of each type of fire to all the fire incidents. In addition, as the fire incidents can
be considered circular data when summarized by rose diagrams, circular statistical analysis is utilized
to test the temporal uniformity of each type of fire as well as to test the temporal homogeneity on two
types of fire events. In this research, the Watson’s U2 one-sample test [23], a method to test circular
uniform distribution, is employed to test whether each type of fire is uniformly distributed over time.
The Watson’s U2 two-sample test [23], a method to compare the distribution of two sets of circular
data, is adopted to compare two rose diagrams to see whether the two types of fires represented by
them have similar temporal patterns.
Finally, spatiotemporal patterns of fire incidents are explored by space-time scan statistics using
the retrospective space-time model [20], which have been widely applied in many domains for
spatiotemporal clustering analysis such as detection of disease or crime clusters [24,25]. In this case,
a cylindrical scanning window with varying sizes in both space-radius and temporal height moves
over the study area and study time period, seeking clusters of events across both space and time.
The statistical significance (p value) of the identified clusters is obtained using a Monte Carlo simulation.
Based on the potential spatial clusters observed in Figures 2 and 3, the maximum cluster size in this
research is set to 1.0 km radius and 6 years (50% of the study time period) to avoid generating very
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large clusters which provide little insight for policy intervention. As the fire incidents are spatial count
data, the Poisson model is applied to both DW and FL fires using the same set of lattice data that is
used for the Getis-Ord G* statistic calculation, with the total fires in each grid cell as the underlying
population. Therefore, the spatiotemporal clusters of interest here represent the relative risks of DW or
FL fires over space and time compared with other types of urban fires.
The above analyses are implemented using several software tools. All the statistical analyses are
carried out in the R environment (https://www.r-project.org/), an open source software framework
for statistical computing. Spatial data processing, manipulation and all the other spatial analyses
are implemented in ArcGIS 10 (ESRI, Redlands, CA, USA). The STSS is calculated with SaTScan
(https://www.satscan.org)—free software for spatial, temporal and space-time scan statistics.
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Again, considering the same four representative years, 2002, 2006, 2010 and 2013, the hot spot 
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mainly  located  in Gulou  and Qinhuai  in  2002.  Since  2006,  they  have  been moving  towards  the 
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Figure 3. Kernel density estimation (KDE) of dwellings (DW) and facilities (FL) fires in 20 2, 20 6, 2010
and 2013.
3. Results
3.1. Spatial Distrib ti
First, kernel e sities are esti ated for the dwelling and facility fires, respectively. Figure 3
shows the kernel density surfaces for the years 2002, 2006, 2010 and 2013, representing the beginning,
middle and end of the study time period. It can be seen that both DW and FL fires have expanded
from the central three urban areas—Gulou, Xuanwu and Qinhuai, towards the surrounding areas,
especially the districts Qixia on the north and Jiangning on the southeast. However, the FL fires are,
in general, less dense than the DW fires around the city core. As to the DW fires, the higher intensity
of incidents has consistently clustered around the central three districts mentioned before, especially
Qinhuai, sprawling towards the north across Gulou, Xuanwu and Qixia. With regard to the FL fires,
the intensity of events is much higher around the city core in 2013 than those in the other years.
Again, considering the same four representative years, 2002, 2006, 2010 and 2013, the hot spot
analysis results are presented in Figure 4, which shows the areas with significantly (p-value < 0.05)
higher risks (z-score > 1.96) of DW and FL fires, respectively. It can be observed that the spatial patterns
of relative fire risks are very different from those of fire intensities shown in Figure 3. For the DW
fires, both higher intensity and higher risk of incidents are largely concentrated in the central three
districts in 2002 and 2006, but th latter h be n moving towards the surrounding ar a in 2010 and
2013 with its share in the ce tral areas greatly decreased. As to the FL fir s, higher risks are mainly
located in Gulou and Qinhuai in 2002. Since 2006, th y ave b en moving tow rds th intersection of
the cent al three districts. Meanwhile, the other districts have also seen emerging higher risks of FL
fires, particularly the south of Qixia.
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3.2. Temporal Variations
Figure 5 shows the an i s (in percentage) of DW, FL and all fires compared to the
corresponding amount in y ectively. It can be seen that in g neral the three lines
demonstrate similar te l . hat is, the a nual variations in urban fires hav kept within
50% until 2008 but then ha e e erie ce ra id growth, except for a slight drop in 2012 (for all types
and FL) and in 2011 (for ). lso, the te poral pattern of DW fires is more similar to that of all
fires, especially during 2002–2008 when the absolute average variations are about 16.8% (all types) and
15.8% (DW), while the value for FL fires in the same period of time is about 29.5%. The difference after
2008 becomes more prominent, with the absolute average variations being about 103.4% (all types),
68.2% (DW) and 136.1% (FL), respectively.
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Figure 5. Annual variations of fire incidents (2002–2013).
te poral variations of both DW and FL fires ac oss the tudy time period are further xamin d
on a monthly, weekly and daily b sis using rose diagrams. Specific lly, two associated attributes are
considered: one is the prop rtion of fire incidents to the overall amount of th s me type of fire, and th
oth r is th proporti n of eac type of fire to all the fire incidents. The r sults are shown in Figure 6–8.
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In terms of monthly distribution, the highest proportions of DW and FL fires both occur in July
as shown in Figure 6a. But, there is much more variation in FL fires with a standard deviation of 3.1%
(compared to 0.7% for DW fires), largely due to the higher rates in July (15.8%) and August (12.4%).
A similar pattern also can be observed in Figure 6b which accounts for the contributions of DW or FL
fires to all the incidents. Again, the distribution of FL fires is similar to that in Figure 6a, with proportions
in July and August being much higher than those in the other months. For the DW fires, the highest
proportion is in September (39.7%) and the lowest is in December (29.4%), with a variation of 3.5% across
the year. Overall, for each month, DW fire has a larger share of all urban fires than FL fire, and on average
the monthly fire incidents contain about 34.4% of DW fires and 15.5% FL fires.
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Figure 6. Monthly variations: (a) proporti e of fire; (b) proportions to all fires.
As shown in Figure 7a, most of the DW fires occurred on Sunday (14.9%) and the lowest proportion
on Wednesday (13.8%). For the FL fires, Tuesday has the highest proportion (15.1%) while Thursday
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has the least (13.5%). In fact, the average variations in the weekly distribution for both DW and FL
fires are very small, with the standard deviations about 0.3% and 0.5%, respectively. On average,
the incidents on each day of the week contain about 34.1% DW fires and 15.5% FL fires, which is similar
to their monthly proportions. Further, it is indicated by Figure 7b that the variations of contributions
to all fires are quite small as well, with the standard deviations around 0.5% (DW) and 0.6% (FL).
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Figure 7. Weekly variations: (a) proportions to each type of fire; (b) proportions to all fires.
Compared to Figures 6 and 7, Figure 8 shows the fire distribution on a finer temporal scale. Figure 8a
indicates that most of the DW fires (about 80.5%) occurred during the hours 8 a.m.–9 p. . FL fires
largely occurred in the period 9 a.m.–11 p. . (about 80.0%), among which actually more than half (43.6%)
happened during 5 p.m.–10 p.m. In terms of their contributions to all the fires on one day, Figure 8b
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shows that the average hourly proportion of DW fires is about 32.2%, almost twice that of FL fires (15.5%).
Also, except for the time between 9 p.m.–10 p.m., the former has a larger proportion than the latter for the
remaining hours of the day. In particular, the hourly rate of DW fires during 8 a.m.–5 p.m. is as high as
40.6%. As to the FL fires, only for the time intervals 6 a.m.–7 a.m. and 7 p.m.–11 p.m., it comprised more
than 20% (21.9–28.5%) of the total fires having occurred during that time.
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Figure 8. Daily variations: (a) proportions to t f fir ; ( ) proportions to all fires.
Finally, the Watson’s one-sample U2 test suggests only monthly (Figure 6a) and daily (Figure 8a)
distribution of the FL fire are significantly different from circular uniform distribution, with the test
statistic 101.0 (p-value < 0.05) and 31.1 (p-value), respectively. Further, the Watson’s two-sample U2 test
indicates that the temporal patterns of DW and FL fires, in terms of month of year (Figure 6a) and hour
of day (Figure 8a), are significantly different from each other, with the test statistic 4.5 (p-value < 0.05)
and 15.6 (p-value < 0.05), respectively, which is consistent with the observations above.
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3.3. Spatiotemporal Dynamics
There is a total of five spatiotemporal clusters for DW fires and six for FL fires at the 10%
significance level (p-value < 0.10) based on 999 Monte Carlo replications. The spatiotemporal clusters
are depicted by space-time cubes, as shown in Figure 9 where the bottom of the cubes represents the
spatial extent, which is also shown by the shaded grid cells in the underlying layer of the study area,
and the height indicates the corresponding time period.
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It can be observed that the clusters of DW and FL fires span quite different time periods but are
located at similar geographical areas. That is, the high risks of DW fires are largely found between
years 2002–2009, whereas FL fires in contrast are between 2010 and 2013. Further, the temporal size
of the clusters for the former ranges from four to six years, while for the latter, it varies from three to
four years, which is noted for each cluster in Figure 9. In terms of the geographic locations, the high
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risks of DW and FL fires are both concentrated in the city core, with each cluster covering an area
about 4 or 5 km2. Those clusters primarily involve 17 Jiedao that are close to the common borders of
Gulou–Xuanwu, Xuanwu–Qinhuai, and Qinhuai–Jianye.
4. Discussion and Conclusions
Urban fire has long been a great threat to properties, lives and the physical environment. A good
understanding of the occurrences of fire incidents can offer insights into the underlying driving
factors and assist with decision-making in relation to fire services and management. Using GIS-based
spatial analytics, this research has explored the spatiotemporal dynamics of urban fires in Nanjing
(2002–2013), China. In particular, the variations of DW and FL fires, which constitute about 50% of
total fire incidents, have been investigated from three perspectives: space, time and space-time. The
results can help identify disadvantaged populations and communities at higher fire risk, assisting
future fire protection and prevention planning.
In general, the amount of urban fire has greatly increased since 2008 and DW fires remain a
major threat to urban safety, which account for about one third of all fires. The city core has higher
population-based fire risks than the other districts. Similarly, the intensities of DW and FL fires have
been decreasing from the city core towards the surrounding areas, with emerging risks in the south,
particularly in Jiangning. However, the relative high risks considering all fires are very different for
DW and FL fires, which have a pattern of dispersing from the city core over time for the former but
a pattern of concentration towards the city core for the latter. In terms of the temporal dimension,
the rose diagrams suggest that for every month, each day of the week and every hour during one day,
about one third fires are related to dwellings. Regarding the spatiotemporal distribution, both high
concentrations of DW and FL fires are at the city core but the former covers a time interval before 2010
and the latter is the opposite.
In addition to human and stochastic factors, considering the urban development in Nanjing
in recent years, there might be two types of associated influencing forces of the identified urban
fire patterns: inner city growth and urban expansion. First, the three districts, Gulou, Qinhuai and
Xuanwu, have relatively larger populations and higher population densities. As suggested by Figure 2,
the population densities of Gulou and Qinhuai are much higher (more than ten times) than those
in Qixia and Jiangning. Also, they occupy the majority of the city core, where high-quality public
resources (e.g., health and education) and good job opportunities are concentrated. For example,
by the end of 2013, over 90% of Jiangsu provincial authorities and more than 70% of the high-quality
Pre-tertiary education resources of Nanjing are located in Gulou [19]. As a result, they remain the most
active areas of socioeconomic activities [26,27]. Further, most residential buildings in those districts
are quite old with a crowded population. In 2013, within the city core, Qinhuai had the most urban
villages (74) and Jianye has the least (11) [19], which were mainly occupied by rural migrants and urban
poor. Such dwellings are usually not equipped with modern safety devices like smoke detectors [19]
and thus more vulnerable to fires. The continuing growth of population and job opportunities in the
inner city might be one reason for the consistently higher densities of DW and FL fires in those areas
(see Figures 3 and 9).
However, with the progress of constructions in newly developed urban districts and new towns
since 2000, Nanjing has transitioned to a polycentric city, and the changing urban landscape and spatial
distribution of population might also have affected the risks and occurrence of urban fires. For example,
since 2001, urban land expansion has been largely driven by the new urban district/towns and
development zones such as the Hexi Area (in Jianye), Banqiao New City (in Yuhuatai) and Jiangning
Economic and Technical Development Zone (in Jiangning) [18]. The fast development has been guided
by the urban planning strategy that new urban districts would be sub-centers mainly accommodating
new housing and commercial growth [26]. For example, in 2013, Jianye had the biggest investment,
about $2.3 billion, in real estate development, and Jiangning had the highest GDP of $15.8 billion
among the seven districts [19]. Many people have been moving to the periphery of the city, largely
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towards the south, for a better living environment with newly deployed or improved public services
and amenities [27]. Figure 2 indicates that both Qixia and Jiangning had a sharp population increase
in 2010 while Gulou and Jianye both had a decrease. All the above consequences of urban expansion
might be one reason for the increasing fire intensities in the south (Jianye, Yuhuatai and Jiangning)
across the years (see Figure 3), as well as why the clusters of high DW fire risks located at the city core
have a temporal window ending before or in 2010 (see Figure 9a).
Due to limited availability of the socioeconomic data at a fine spatial scale and a lack of concrete
analyses, the discussion above essentially proposed several hypotheses with regard to the association
between the spatiotemporal dynamics of urban fires and urban development. In order to verify the
aforementioned assumptions there are several areas worthy of further investigation. First, based on
the identified spatiotemporal patterns of urban fires, the impact of potential socioeconomic and
environmental factors such as population density, conditions of dwellings and industrial agglomeration
can be examined using spatial regression analysis, and thus various intervention measures targeting
different causal factors can be implemented. Further, the actual causes of various fires can be analyzed
to offer valuable insights into the occurrence of fire incidents, which can assist with future urban fire
safety planning. Finally, in addition to DW and FL fires, the other types of fires are also important to
urban safety and need further analyses. For example, refuse fires can cause air pollution and improving
refuse monitoring and management can reduce the potential threat to the urban environment.
Given the continuing urbanization and on-going social-spatial urban transformation in China,
the challenges presented by urban fires must be addressed if a safe and sustainable urban environment
is to be achieved. This research has demonstrated that GIS-based spatiotemporal analytics can be
powerful tools to help improve fire services and management.
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